Abstract. The paper aims to estimate the level and impact of spatial aggregation error for spatial scan statistics where disaggregated data below the zip code level are not available. Data on colorectal cancer cases in Cook county, Illinois, USA with a 5-year interval were used. An innovative procedure using SAS and Java was designed to make SaTScan auto-run. Characteristics of clusters at each reference level were compared to those at zip code level to observe differences related to spatial aggregation. The comparison reveals that spatial scan statistic at the zip code level can generate reliable clusters in areas with a large number of cases, but fail to detect clusters in areas where there are a sparse number of cases, since the spatial aggregation error is minimised in areas with sizeable numbers of cases. Without localised cancer data, zip code level data can be used effectively to identify dominant clusters. However, smaller clusters located in low-density areas may be missed.
Introduction
The choice of geographical unit plays a very important role in analysing the uneven distribution of cancer cases and designing appropriate policies for disease control and prevention (Rushton, 1995) . To protect privacy and confidentiality, cancer data obtained from surveillance systems are usually released only for predefined areal units with relatively large populations, e.g. counties or zone improvement plan (zip) codes. Because these predefined areas were not originally designed for cancer research, true patterns of cancer incidence can be distorted or obscured and thus produce misleading results. This problem has been well described as the "modifiable areal unit problem" (MAUP) (Amrhein, 1994; Openshaw and Alvandies, 1999) . One of the important components of the MAUP is the spatial aggregation error, which is caused by using data at an aggregated, large-area level to generate inferences about patterns and processes at lower (small-area) levels (Hodgson et al., 1997) . Although the biases brought about by the spatial aggregation error have been widely analysed (Hillsman and Rhoda, 1978; Hodgson et al., 1997; Fortney et al., 2000; Hewko et al., 2002; Luo et al., 2010) , its impact on the detection of spatial clusters of cancer cases has rarely been studied.
In analysing spatial clustering of cancer, many researchers have used the spatial scan statistic to detect cluster locations Jemal et al., 2002; Thomas and Carlin, 2003; Gregorio et al., 2004; Pollack et al., 2006) .The spatial scan statistic is a "local" spatial clustering test that identifies the locations and characteristics of statistically significant clusters of cases within a study area (Kulldorff, 1997) . Studies have utilised spatial scan statistics to examine spatial disparities in cancer incidence and mortality Gregorio et al., 2002 Gregorio et al., , 2004 Jemal et al., 2002; Roche et al., 2002) . Several studies have applied spatial scan statistics to identify areas with high or low incidence rates of breast cancer (Gregorio and Samociuk, 2003) and to detect areas with an elevated proportion of late-stage breast cancer cases (Roche et al., 2002) . All of these studies rely on cancer data that are spatially aggregated to units, such as towns, zip code areas, counties and census tracts. In all cases, using data at the individual level, based on precise residential locations, would likely yield different results for the SaTScan clustering test.
Specifically, some studies have compared the results of cluster tests using health data at different geographical scales in the USA. (Sheehan et al., 2000; Krieger et al., 2002; Gregorio et al., 2005) . Sheehan et al. (2000) utilised the spatial scan statistic to detect significant spatial clusters of late-stage breast cancer diagnoses across Massachusetts, using towns, zip code areas and census tracts. They observed that differences exist among the three geographical levels in terms of cluster sizes and the number of cases included in each cluster. However, they found that fluctuations in cluster characteristics were caused by geocoding problems, and that the fluctuations had little association with the sizes and boundaries of study units. Krieger et al. (2002) examined all-cause and cause-specific mortality rates, and all-cause and site-specific cancer incidence rates within census block groups, census tracts and zip code regions, across Massachusetts and Rhode Island. They concluded that analyses by census block group and census tract performed comparably, but results at the zip code level were contradictory. Gregorio et al. (2005) applied the spatial scan statistic to compare geographical variation in late-stage prostate and breast cancers across Connecticut, using census block groups, census tracts and towns. They reported that the local clusters identified at each scale were similar in terms of locations, populations at risk and other estimated parameters (centroid coordinates, P-values, and the ratios of observed-to-expected). Only a few differences were found in analytical results across the areal units. Schmiedel et al. (2012) analysed the clustering patterns and statistical power of different cluster detection methods using of individual and aggregated data at various levels. For the spatial scan statistic, data aggregated to small geographical areas produced the highest statistical power, and individuallevel data yielded very similar results. These studies implement useful strategies for comparing different cancer spatial clusters among areal units. Particularly, Gregorio et al. (2005) summarised all the clustering parameters from the spatial scan statistic results into a straightforward table for clear comparison. They used the census block-level clusters as reference points, and compared clusters at the census tract and town levels. One metric used was the average distance between the geographical coordinates of census block-level centroids and those at town and census tract levels. Cluster comparisons were also illustrated by a nestedstructure format which displays cluster locations, cluster sizes and the shared sections (overlap) among clusters on the same map.
Each study unit has pros and cons, e.g. small areal units depict local variations more clearly than larger areal units, while larger units produce more reliable and stable estimates of disease incidence or risk across a large region. Lacking a "gold standard", it is very difficult to select the optimum areal unit, and the optimum may vary from one case to another. The aforementioned studies generally observe little difference in cluster results using data at different scales ranging from census blocks to towns, indicating that the spatial aggregation error has a minimal effect on cluster detection. The approach taken in these studies is to begin with data for small areas and aggregate the data into larger areas. In this approach, there is only one outcome at each level, and the effect of the spatial aggregation error is exactly known. In many situations, however, researchers do not have access to data for small reference units, so it is important to know how much error might exist as a result of the need to work with data that are highly spatially aggregated. For example: how reliable are clusters detected based on large-area data? How likely is it that those clusters would also be detected if smallarea data were analysed? Past research shows that the spatial aggregation error can be highly contextdependent (Luo et al., 2010) . Specifically, it has a larger impact on cluster detection when the distribution of disease cases and at-risk population vary across the study area. Given these challenges, an important question is: How sensitive are the results of the spatial scan statistic to the choice of areal units? Therefore, approaches are needed to estimate the level and impact of potential spatial aggregation error on cluster detection results. The method used in this paper involves enumerating possible distribution patterns of cases within zip code areas using a Monte Carlo simulation approach and then examining the effects of spatial aggregation error at different geographical levels (census tract, block group and block).
This study aims to evaluate the level and impact of error caused by the aggregation of cancer data into predefined areas for situations where disaggregated data are not available. The most widely-used spatial scan test, the Bernoulli-based spatial scan statistic, is used. The impact of the spatial aggregation error on the spatial scan statistic at the zip code level is examined. Following previous research (Luo et al., 2010) , a Monte Carlo simulation procedure is used to disaggregate cancer cases from the zip code level to the census tract, block group and block levels based on population demographic characteristics with a certain number of simulations. Then a Bernoulli-based spatial scan statistic method is applied to cancer cases at the zip code level and all the disaggregated sets of cancer cases at three census levels. Results of the spatial scan statistic are compared at each level to evaluate the sensitivity of results to the geographical scale of cancer data.
Materials and methods

Data
To analyse the impact of spatial data aggregation on the results of the spatial scan statistic, data on colorectal cancer (CRC) cases in Cook county, Illinois, USA were used. The health outcome analysed is the binary variable, late-stage CRC at diagnosis. CRC is classified as "late-stage" if the tumour is large and/or the disease has spread beyond the initial site when first diagnosed. People diagnosed with late-stage CRC have a higher risk of mortality and morbidity than those whose cancer is diagnosed early. Clusters of late-stage CRC were detected via SaTScan based on data at four geographical scales, from zip code to census block and results are compared.
The data were obtained from Illinois State Cancer Registry (ISCR) and include all CRC cases diagnosed in Cook county residents between 1998 and 2002. Records in the data set represent individual cancer cases, with variables including age group, sex, race, diagnosis stage, year and zip code of residence. The CRC cases were divided into early-stage (stages 0 and 1) and late-stage (stages 2 to 7) groups. Based on previous work (Luo et al., 2010) , examining the influence of spatial data aggregation involved allocating CRC cases from zip codes to smaller geographical units which have stronger demographic association to reflect the age-sex race characteristics of the cancer case. A Monte Carlo simulation method was applied in this study to accomplish this; thus, the probability of cancer case's assignment from his or her residential zip code to a smaller geographical unit is proportional to the age-sex-race composition of the smaller unit's population.
To prepare the demographic link for the disaggregation, the CRC cases were divided into 12 categories representing combinations of race by age by gender. Specifically, CRC cases were aggregated into black and non-black groups; the original 5-year age groups were classified into three main groups (<50 years-old, 50-70-years old and >70 years-old), and gender was categorised as male and female. Population-level data for census areal units were derived from the Summary File 1 (SF1) data from the US Census Bureau for 2000 (US Census Bureau, 2000b, c) , and categorised into the same 12 age-sex-race groups.
For comparison with the zip code level, three smaller geographical levels were selected as reference units: census tracts, census block groups and census blocks. These areal units are hierarchically structured and defined by the United States Census Bureau. Census tracts are "designated to be relatively homogeneous units with respect to population characteristics, economic status, and living conditions", and average 4,000 inhabitants in each area (US Census Bureau, 2000a) . Census tracts can be subdivided into block groups and blocks, with blocks being the smallest areal units, and block groups intermediate in size between blocks and tracts. On average, 39 blocks form a block group with some small variations across the country. These three census areal units make appropriate choices because of their well-established association with demographic information, their nested structure, and their relatively stable boundaries over time.
Cook county was chosen as the study region, mainly because the spatial relationships between the four geographical levels are well-defined. Cook county is the most populated area in Illinois, and the high population density means that the three census areal units are typically smaller than zip codes. Thus, the spatial relation between census tracts and zip codes can be easily defined as "within" or "outside". In general, there is a clear hierarchical spatial relationship between the zip code level and smaller census area units. In addition, Cook county contains a large sample size of CRC cases, with 3,608 total cases and 2,353 late-staged, making it possible to detect statistically significant spatial clusters.
Disaggregation of cancer cases
Because cancer data are unobtainable at a level below the zip code scale, a Monte Carlo simulation approach developed previously (Luo et al., 2010) was applied to disaggregate cancer data from the zip code level to each smaller geographical unit. In the Monte Carlo procedure, each cancer case is randomly assigned to a census tract (or block group or block) within the zip code in which the case is located. The probability of assignment is proportional to the agesex-race composition of the tract population. For example, a black male in the 50-70 year age group is more likely to be assigned to a tract containing a large population of that demographic group. This disaggregation process is repeated a large number of times, resulting in a large number of possible geographical disaggregations of cancer cases. For each simulated disaggregation, the SaTScan method was used to identify spatial clusters of late-stage CRC cases. Because of the intensive computation time for re-running SaTScan, the number of Monte Carlo simulations was set at 100. Consequently, at each reference level, the
spatial scan algorithm was run 100 times, each time on a separate simulated CRC dataset. The most critical step in the disaggregation process was to define which zip code contains each census tract, so that tracts were not shared by neighbouring zip codes. In the cancer dataset, CRC patients lived in 152 out of 161 zip code areas, covering most sections of Cook county. As the smallest reference unit, census blocks are mostly completely inside of each zip code area. If a block overlapped a zip code boundary, the block was treated as within a zip code if the block centroid fell within the zip code. As a result, 64,231 blocks were assigned to the 152 zip code areas. Linking census block groups with zip codes was more complicated, because the larger size of a block group increases the chances of it overlapping multiple zip codes. Several steps were implemented to specify the spatial relation between zip codes and block groups. First, the population-weighted centroid of each block group was generated based on block-level population information; then each block group was regarded to be within a zip code if its population-weighted centroid was located inside of that zip code. Seven block groups whose population-weighted centroids were outside the study area. Two other block groups were merged with their neighbours, because their small sizes were completely within a zip code and they shared that zip code with their neighbouring block groups. This resulted in a total of 4,260 block groups. Similar strategies were implemented to assign census tracts to zip codes. Only nine of the Cook county census tracts were excluded, leaving 1,365 tracts.
Automation of SaTScan
The spatial scan statistic was utilised to analyse spatial clustering patterns of high late-stage CRC cancer cases at the level of the zip code and the three reference levels. SaTScan was chosen over other spatial clustering methods like local indicators of spatial autocorrelation (LISA) and Getis-Ord G*, because it uses a varying scanning window and an appropriate maximum likelihood test to detect clusters accurately. The specific spatial scan statistic to address the binary characteristic of late-stage diagnosis that was applied in this study was the Bernoulli-based model. In the spatial scan test, a scanning window is passed over the study area, and the number of cases computed within and outside the window. A likelihood ratio test is utilised to compare the null hypothesis of constant risk within and outside the window with the alternative hypothesis of non-equal risk. The outcomes of the maximum likelihood ratio test provide an indication of the most likely clusters. The formulation of the Bernoulli-based spatial scan statistic is provided below:
( 1) where c z is defined as the total number of late-stage CRC cases and n z the total number of CRC cases within a circular area (Z). C is the total number of latestage CRC cases and N the total number of CRC cases in the whole study area. I denotes the indicator function (this formula only maximises the likelihood function for windows where the observed probability inside the window is larger than the one outside the window).
To implement this procedure, SaTScan uses a coordinate file to assign the location of each case (a latestage CRC case) and each control (an early-stage CRC case). Then it generates a very large number of circular windows, whose centroids are the coordinates of cases. The radii of these circular windows vary from the smallest observed distance between a pair of cases to a user-defined threshold (Waller and Gotway, 2004) . I set the threshold as the radius containing up to 33% of the entire population of the study area. In each circle, the likelihood ratio statistic is applied to test the null hypothesis of constant risk versus the alternative hypothesis that the late-stage rate within the scanning window is greater than that outside the window. The statistical significance of clusters was tested by Monte Carlo simulation with 999 replications. The Bernoulli-based spatial scan statistic normally generates a number of spatial clusters with different P-values. This study focuses on the clusters which had the smallest P-values (P ≤0.10).
In comparing geographical clusters of cancer using data for different areal units, SaTScan needs to be run many times, for each randomly generated disaggregation of cancer cases at the tract, block group or block level. Each run of SaTScan involves creating unique input and destination files, a very time-consuming task using SaTScan's graphical user interface. Therefore, a need existed to automate the whole SaTScan procedure, and Abrams and Kleinman, (2007) To compare SaTScan outcomes at different geographical scales, the locations, sizes and other characteristics of statistically significant spatial clusters were compared. SaTScan outcomes included the primary cluster at the zip code level, and the primary clusters from each of the 100 simulated cancer patterns at the census tract, block group and block levels. However, many of the primary clusters did not achieve statistical significance (P-value <0.1). Only the statistically significant clusters at each level were compared with the primary cluster at the zip code level. The primary clusters with statistical significance at each reference level were displayed on a map with the zip code level cluster to show the geographical similarity or difference between the results at the two levels. Additionally, the parameters of the statistically significant clusters at each reference level were compared with those at the zip code level. The geographical and statistical comparisons between zip code level and reference levels reveal the impact of spatial aggregation error on the Bernoulli-based spatial scan statistic results.
Results
Overall, more than half of CRC cases in Cook county in 1998-2002 were diagnosed at a late-stage. The late-stage percentage varied among age, gender and race groups. Generally, the ratio of late-stage to earlystage cases fell between 1.5 and 2 in each demographic category (Table 1) . The most dramatic excess of late-stage CRC cases compared to early-stage was in the youngest group; however sample sizes were so small that it is difficult to generalise. The largest numbers of early-and late-stage CRC cases were observed in the elder age group for every race/gender group. Beyond these age-related differences, no gender or racial disparities in late-stage diagnosis were apparent.
Running SaTScan at the zip code level identified one primary cluster. This cluster occurred in the northwestern section of Cook county, covering the northwestern edge of Chicago city. The radius of the cluster was approximately 6 km, and it covered almost 113 km 2 . The number of late-stage cases in this cluster is 288, and the relative-risk is 1.14, indicating that CRC patients living in the cluster are approximately 14% more likely to be diagnosed with late-stage CRC than those residing outside the zone. In terms of P-value (0.119), the cluster at the zip code level is not statistically significant according to standard significance levels. However, zip codes may be oversised areal units for studying the local patterns of late-stage CRC, and one might suspect that the zip code analysis will miss some significant clusters that would be detected based on small-area data. The zip code cluster is used as a benchmark for comparison: the clusters with statistically significant P-values at each reference level. This comparison suggests the validity of the zip code level cluster, and the types of clusters it might miss. These comparisons are discussed in the following sections.
At the census tract level, 14 of 100 simulations resulted in statistically significant spatial clusters containing significantly high ratios of late-to-early stage CRC cases. of observed-to-expected cases, P-values, relative risks, the distance from the zip code level centroid and the percent of zip code cluster area that overlaps with the tract cluster. This table also lists the parameters at the zip code level in the last row for comparison. Compared to the zip code cluster, the significant census tract clusters all had higher relative-risks and ratios of observed-to-expected cases. This localised clustering indicates that in a highly populated region, spatial clusters of CRC cases are more likely to be detected using data for smaller areal units than at the zip code scale. Nine census tract level clusters overlapped the zip code cluster, and the overlap percentages varied from 2.7% to 100.0%. The census tract clusters are shown in Figs. 1 and 2 with the centroids of each cluster mapped in Fig. 2 . In Fig. 1 , two clusters (12 and 13 in Table 2 ) at the census tract level have very similar covering areas as the one at the zip code level, and the 12 th cluster can almost be treated as a replica of the zip code level one except for a small curved area outside of the zip code cluster zone. The 13 th cluster includes more area than the zip code one, including a crescent-shaped buffer surrounding the zip code cluster. The 6 th cluster also highly overlaps the zip code cluster, covering 76.5% of its area. At the south-eastern edge of the zip code cluster, four census tract clusters are completely within the zip code cluster, and another cluster mainly falls into the zip code cluster except for a small tip outside. On the other hand, five clusters at the census tract level are completely outside the zip code level cluster: one close to the northern border of Cook county, two southeast of the zip code level cluster, and the other two locate at the southern border of the city of Chicago. However, these clusters are small and the numbers of observed cases within these clusters no larger than 35. Fig. 2 also shows the location of each tract cluster centroid in relation to the one at the zip code level. The centroid of the 12 th cluster seen there is almost identical to the zip code one. The centroids of eight other clusters also closely surround the zip code centroid with distances ranging from 0.92 km to 6.71 km (Table 2) . However, four clusters have centroids located more than 10 km from the zip code cluster centroid. In summary, the tract-level clusters corresponded quite well geographically to the zip code cluster in general, although the zip code cluster failed to represent some smaller, distant clusters that were detected with tract level data.
The block group level spatial scan statistic generated 18 clusters with significantly high late-to-early ratios, more than were found at either of the other two levels (Table 3 ). Similar to the clusters at the census tract level, these block group clusters presented higher ratios of observed-to-expected cases and larger relative risks than the one at the zip code level. Block group clusters tended to be smaller than those at the tract and zip code levels. Only one block group level cluster overlapped greatly (85.2% overlap area) with the zip code cluster. Nine other clusters overlapped with small Table 3 . Results of Bernoulli-based spatial scan statistic at zip code and census block group levels. *% of zip code level cluster; **zip code level. sections (ranging from 2.3% to 14.5% of the zip code cluster area) of the zip code cluster. The number of block group level clusters that are completely outside the zip code clustering zone is eight, compared with only five at the census tract level. These "outside" clusters appeared to have larger radii and covered a larger area than the "outside" ones at the census tract level. Furthermore, the P-values at the block group level were generally smaller than those at census tract level, indicating that this smaller area level is capable of detecting more distinctive patterns of late-stage CRC clustering. Fig. 3 describes the spatial distribution of block group level clusters. Similar to the census tract results, the block group level clusters that overlap with the zip code cluster are often located along the southern part of the zip code cluster, indicating a tendency for clusters to be focused in this area. Among the 10 clusters that overlap with the zip code cluster, only two (highlighted by blue boundary) lie completely inside, occupying 14.5% and 6.2% of the zip code cluster area, respectively. Among "outside" clusters, several appear-southeast of the zip code cluster, in locations similar to those detected with census tract data. The other "outside" clusters are also located in areas similar to clusters at the census tract level. One appear in the northern part of Cook county and two others around the southern border of the city of Chicago. Furthermore, their radii and covering areas are generally larger than those for the corresponding clusters at the census tract level. These "outside" clusters revealed that the use of data at the block group level enhanced the possibility of detecting late-stage CRC clusters outside the dominant clustering area compared to using data at the tract or zip code levels. Examining block group cluster centroid locations in Fig. 4 , shows a concentration of centroids near the zip code centroid and along the south-eastern edge of the zip code cluster -a pattern similar to that observed based on tract level data. Fourteen of the 18 block group cluster centroids lie within the 11 km buffering zone of the zip code level centroid, indicating a relatively good geographical correspondence between clusters at both levels. However, four cluster centroids fall far outside, with centroid distances ranging from 17 to 37 km (Table 3 ). The maximum value of the block group level distances to the zip code centroid is 37 km, compared to 33 km at the census tract level. Table 4 . Results of Bernoulli-based spatial scan statistic at zip code and census block levels. *% of zip code level cluster; **zip code level.
Based on block level data, 15 clusters had significantly high late-to-early ratios. These clusters tended to be smaller in size than those at the tract or block group level (Table 4) : their radii and covering areas were generally smaller than the ones at census tract and block group levels. As the smallest reference unit, blocks provided the most localised detail about the spatial clustering patterns of late-stage CRC cases. The majority of block level clusters presented high ratios of observed-to-expected late-stage cases and relative risks, indicating that more localised variation in latestage CRC cases can be detected using data for the smallest reference unit. Numbers of observed cases in each block level cluster were generally less than those in clusters at other levels, so the block data uncover small, localised clusters of late-stage CRC. Because of the small sizes of block-level clusters, the percentages of zip code cluster area that overlapped with the block level clusters were much less than the ones for clusters at the other two scales.
Fig. 5 displays the clusters with statistically significant P-values at the block level. These clusters clearly reveal concentrations of high late-to-early ratios around the eastern and south-eastern sections of the zip code level cluster. Three clusters (highlighted by blue boundary) completely fall inside the zip code level cluster, respectively covering 15.7%, 7.4% and 5.2% of the zip code level cluster area. Five clusters at the block level are located completely outside the zip code level cluster: four southeast of the zip code level cluster and another in the southern part of Cook county. Clusters in the northern part of Cook county and around the south-western border of the city of Chicago that emerge in the tract and block group analyses do not appear in the block level analysis. The reason may be that the simulated cancer cases at the block level are more evenly distributed than those at the tract and block group levels, resulting in a less tendency towards clustering. Of course, the Monte Carlo simulation involves a random assignment procedure, in which the spatial disaggregation of cases within zip codes is only based on demographic information and otherwise spatially random. In areas with few CRC cases, disaggregation of cases to the block level may result in more dispersed geographical patterns.
In terms of distances between centroids, only the cluster located in the southern part of the city of Chicago present a relative long distance (34 km) (Fig.  6) . Centroids of the three "inside" clusters are located near the zip code centroid with centroid distances of 4.1 km or less. The other clusters have distances varying from 3.3 km to 12.4 km. Compared to the clusters at census tract and block group levels, the block level clusters revealed more detailed spatial aggregations of late-stage CRC cases in areas containing large numbers of late-stage CRC cases. However, in regions with fewer late-stage CRC cases, such as the northern part of Cook county and south-eastern section of the city, the block level failed to identify clusters with significantly high ratios. 
Discussion
This study compared the results of the Bernoullibased spatial scan statistic at the zip code level with the outcomes at three reference census units (census tract, census block group, and census block) to examine if reliable and accurate spatial analysis results can be generated using zip code level data. Lacking actual data on patient locations by census tract, block group and block, a Monte Carlo simulation procedure was used to disaggregate cancer cases from the zip code level to smaller census geographical units. Thus, the research focused on possible geographical patterns of CRC cases that conform to the demographic and geographical characteristics of cases at the zip code level. The number of simulated results was 100 at each reference level, and every result was tested for spatial clustering using the Bernoulli-based spatial scan statistic in SaTScan. Because the steps of importing input files and providing non-duplicated output names in each SaTScan run were tedious and time-consuming to perform manually, I designed a cost-effective procedure to automate the running of SaTScan. This procedure mainly consisted of a macro-level SAS programme to automatically generate input files and a Java programme to automate the parameter file generation. Compared with the SMAC package created by Abrams et al. (2007) , my procedure is simpler, more efficient and highly adaptive to other spatial scan statistics in SaTScan, because it only comprises two small programmes and there is no need to build the major part of a parameter file.
Comparing geographical clusters with statistically significant P-values at each reference level with the zip code cluster yielded several innovative results. One important observation was that only a small number (14-18) of the simulated data patterns at each reference unit produced statistically significant clusters. Thus, the fact that the zip code level cluster had a P-value of 0.12 seems appropriate, given that 80-85% of the clusters generated based on simulated data at each reference level were not statistically significant. The spatial scan statistic at the zip code level did well at identifying a primary cluster in an area with a high density of cases. However, the spatial scan analysis at this level lost the power to detect more localised clusters. In some instances, the simulated datasets contained statistically significant clusters located in areas with smaller numbers of latestage cases. Even in the areas with a large sample size of cases, using zip code level data fails to detect statistically significant clusters that appeared at the census tract, block group and block levels. At these levels, clusters often were detected along an axis extending southeast of the zip code level cluster. Some of these clusters partially overlapped with the zip code cluster, while others did not.
Comparing the zip code level cluster with the clusters at the three reference levels indicates strengths and weaknesses of using the zip code level as the study unit. Specifically, the Bernoulli-based spatial scan statistic at the zip code level can detect clusters in areas with large concentrations of cases. However, even in these concentrated settings, the zip code cluster is at the global level, which means it gives general clustering information without much local detail. In other areas with fewer CRC cases, the zip code level is too large to detect "local level" clusters. Thus, spatial aggregation error may have more influence in areas where the sample size is small, compared to areas with many cases. Specifically, in areas containing fewer CRC cases, the use of zip code level data misses statistically significant clusters that are detected based on small-area data. Clusters located near the northern border of Cook county and southern border of Chicago could not be detected at the zip code level. At the block level, simulated data contained significant clusters located in the eastern, western, southeastern parts of the zip code level cluster and some surrounding areas. Although some of these clusters overlapped the zip code cluster, others were more geographically distinct. Thus, the spatial scan statistic at the zip code scale can produce reliable and stable "global-level" results; however it has difficulty in identifying clusters at a smaller and more localised level. If cancer data for small areas is not available, applying the spatial scan statistic at the zip code level can detect the dominant cluster(s) in areas where the sample size is large.
Additionally, depending on the densities of cases within different local areas, the influence of the degree of the spatial aggregation error on the spatial scan analysis may vary. The influence is typically greater in areas with a low density of cases, where the combination of low statistical power and spatial aggregation of cases makes it difficult to detect localised clusters. Although utilizing zip code level data made it possible to detect a stable and large cluster in Cook county, scan analysis at this level was less appropriate for detecting clusters in areas with a lower density of CRC cases. Thus, to detect spatial clusters using the spatial scan statistic, a trade-off strategy needs to be applied in selecting the study unit. In areas with large numbers of cases, such as metropolitan areas, work based on the smallest unit, such as census block, can reveal localised clusters in great detail. However, in areas with fewer cases, represented as suburban areas in this study, using a 'middle-size' study level which can contain enough sample size of cases without oversised concern, such as census tract or census block group, the clustering patterns can be identified better than using the smallest areal unit. In areas with sparsely populated cases, such as small towns or rural regions, using a largeunit level with strong attachment of demographic characteristics (community, town, county) rather than zip codes (that are infamously detached from demographic attributes) can collect sample sizes large enough to identify the significant patterns not possible with small-or middle-sized units. Thus, the optimum study size of the spatial scan statistic needs to be varied based on the distribution of cases in different regions across the whole study area.
To meet the growing needs of detecting health data with localised patterns and provide more accurate spatial analysis outcomes, the release level of cancer data needs to evolve to various levels rather than a traditional unified one. Explicitly, given that the results of the spatial scan statistic highly depend on the locations and density of cases in a specific area, using a uniform policy to release health data for research in different study areas is not very appropriate. In areas with a high density of cases, data can be released at a smaller areal unit without violating privacy concerns and discover the real spatial patterns. In areas including fewer cases, data can be published for areas of medium or larger areal units in order to detect significant clusters as well as conform to confidentiality regulations. A multidisciplinary effort should be taken to develop data publishing criterion that can cover the confidential issues and be utilised to reveal detailed and accurate relationship between health data and local areas. This finding is consistent with the suggestions from Yang et al. (2013) , stating the necessity of development of trade-off methods for health data release to balance the privacy and spatial, analytic empowerment.
Several limitations and drawbacks need to be pointed. The distributions of CRC cases at the three reference levels were computed by simulation, and they do not represent actual CRC case locations. This study also constrained the study area to Cook county, a highly-populated and urbanised area, and the corresponding results may not be applicable to suburban or rural areas. The edge effect may add some bias to the results of the spatial scan statistics at all levels of analysis, especially in locations along the boundary of the study area. Cook county may be too small to identify the statistical significant clusters with restricted criteria (P-value ≤0.05); thus 0.1 was chosen as the cut-off point of statistically significance to select clusters at zip code level and three reference levels for comparison. The findings may also be limited by errors in assigning tracts, block groups and block to their respective zip code areas. The observed variations of spatial aggregation error at zip code level across the study area and lack of actual data at three census reference levels can hardly quantitatively estimate the impact of the spatial aggregation on SaTScan analysis at the zip code level. Additionally, the number of simulated datasets at each reference level was constrained to 100, given the very long processing time of each run in SaTScan. The simulated data may not capture all the possible spatial distributions of cancer cases at each reference level, bringing potential bias due to the inadequate number of possibilities. With the rapid development of super computing, speeding up the application of SaTScan may become a reality in the near future. Then the number of simulated datasets can be increased to include large numbers of distribution possibilities to provide a much more unbiased analysis.
The main tasks for future research are to overcome data limitations and design more appropriate spatial relationships in the disaggregation method to deal with the problem of multiple zip code areas overlapping a single census tract/block group. Introducing zip code tabulation areas (ZCTAs) may be a good idea in terms of using their internal populations to compute the weights for assigning cancer cases from one zip code area to its shared multiple census tracts (US Census Bureau, 2001 ). In future research, it is also important to use an enlarged study area -a buffer zone -to deal with the edge effect and include more CRC cases to detect the statistical significant clusters with P-value ≤0.05 at the zip code level. Similar to the influence of the spatial aggregation error on zip code level statistical analysis (Luo et al., 2010) , the impact of this error on spatial scan analysis has been found to vary with the number of cases across the study area. This empirical evaluation of spatial aggregation error was limited to an urban setting and may not apply to suburban-and rural-areas. More diverse study areas should be studied to obtain detailed information about the impact of the spatial aggregation error on zip code level spatial scan statistics.
